Abstract
Introduction
The mitral valve is a thin leaflet structure that lies between the left atrium and the left ventricle to control the direction of blood flow. Mitral valve related disease such as mitral regurgitation is the most common valvular heart disease [14] . Acquiring patient-specific information about the geometry and motion of the mitral valve from medical images is important to better understand the valvular disease and assist the surgical intervention for valve repair. Among various modalities, real-time 3D (RT3D) echocardiography provides an economic and noninvasive way to model the 3D geometry of the mitral valve and capture its fast motion [8] .
In order to generate a comprehensive mitral valve model, the mitral leaflet surface needs to be segmented from ultrasound images and tracked throughout the sequence. Manual delineation of the mitral leaflet surface is both laborconsuming and prone to large variance, especially for 3D images when only 2D projection or a slice of the volumetric data can be displayed and processed by the operator at each time. Thus, developing an algorithm that can automatically detect and track the mitral leaflet is critical in clinic applications.
While object tracking has been well studied in natural image processing [25] , tracking the mitral leaflet from an ultrasound sequence is extremely difficult. Generally, the challenges arise from the following two aspects:
• Lack of reliable features: Selecting good features that easily distinguish an object of interest from others is critical in designing object tracking algorithms [25] . Common features in images include color (or intensity), edges and texture. However, in ultrasound images the mitral leaflet shares the identical intensity and texture with other tissues such as myocardium. Moreover, the feature quality (e.g. edges) is prone to be influenced by various factors including probe orientation, acoustic speckle, signal dropout, acoustic shadows, etc. [15] .
• Fast and irregular valve motion: Object tracking usually relies on the computation of optical flow to find feature-point correspondence between frames [1] . However, motion analysis in ultrasound sequences is extremely difficult and unreliable due to the featuremotion decorrelation problem [12] . Especially, it is more challenging under the conditions of fast motion, large deformation and low frame rate, which is the case in 3D imaging of the mitral valve.
The literatures on mitral leaflet tracking are very limited. Most of the previous works tried to segment the mitral leaflet from each frame using active contours [2] . The ac- Figure 1 . Matrix spectral analysis. In matrix spectral analysis, we convert the image/sub-image sequence into a matrix with the column index corresponding to the frame index in the sequence. Each column is a vectorized image/sub-image. (a) Manual selected regions for local analysis. The valve region (inside green ellipse) is centered around the valve leaflet, while the reference region covers part of the myocardium and part of the blood pool. (b) The cumulative distribution functions (cdf s) of spectral energy of the matrices corresponding to the valve region, the reference region and the whole image, respectively. The cdf is computed using Eq. (1). (c) Results of valve region positioning based on matrix spectral analysis. The first frames of four tested sequences are shown from left to right. The sliding window that gives a matrix with the largest residue of rank-K fitting is displayed. The window is a rectangle, whose size is 1/7 of the image size. The detail of the procedure is described in Algorithm 1. tive contour was guided by various features such as edges [13] , region statistics [19] , optical flow [13] and geometry of the leaflet [4] . These methods required intensive user interaction to either initialize the active contour or correct the biased intermediate results during the segmentation [13] . Graph cuts combined with a thin tissue detector has also been used to find the mitral leaflet surface [17, 18] . While this approach proved to be robust and accurate in practice, it still requires user input to select particular frames and a point that indicates the location of the mitral valve before automatic segmentation. Recently, a learning-based system was proposed for automatic modeling the mitral valve from CT and ultrasound data [9] . In this method, a statistical shape model of the mitral valve was fitted to several anatomical landmarks to find the right position of the mitral valve in the image. Then, the model was refined to match the object boundary, which is defined by the learned boundary detector. Appealing results were obtained with fast speed. However, a large amount of expert-annotated data was needed to learn the shape model and detectors, which is unavailable to public and expensive to collect.
In this paper, we aim to develop an unsupervised algorithm to detect and track the mitral leaflet throughout an ultrasound sequence automatically without additional user interaction or datasets for offline training. Instead of focusing on static frames, we would like to make use of the dynamic information throughout the entire sequence, i.e. the difference in motion patterns between the mitral leaflet and myocardium. Existing methods for motion segmentation on natural images tried to solve the problem by either partitioning the motion field [23, 7, 6] or classifying the trajectories of feature points that are extracted from the sequence [22] . Both of them relied on accurate motion estimation and parametric motion models. However, as mentioned previously, the optical flow computed from ultrasound images is very unreliable, especially for the mitral leaflet. Also, most of the cardiac tissues are moving in a complex way, which is difficult to be described by parametric models. Thus, it is hard to achieve satisfactory results by simply applying the existing motion segmentation methods on mitral leaflet tracking.
To address above challenges, we propose a novel framework for motion-based tracking of the mitral leaflet. Instead of local motion analysis, we explore the global correlation between image frames and try to segment the mitral leaflet by the faithfulness of fitting the image sequence with a lowrank representation [24] . The main contribution of this paper can be summarized as follows:
• Through matrix spectral analysis, we showed that more bases are needed to describe the mitral leaflet motion compared with the myocardium motion, which provides a promising feature for the mitral leaflet detection. To further illustrate this, we developed a simple algorithm that could locate the mitral valve region in ultrasound images robustly and efficiently.
• We formulated the mitral leaflet tracking problem as contiguous outlier detection in the low-rank representation. This formulation allows us to segment the object unsupervisedly based on the motion cue while avoiding complicated motion computation. To the best of our knowledge, our algorithm is the first unsupervised algorithm for automatic tracking of the mitral leaflet without any user interaction or training data.
The rest of this paper is organized as follows: Section 2 explains the feature used in this paper for mitral leaflet detection. Section 3 introduces the formulation and the algorithm for mitral leaflet tracking. Section 4 reports the experiment results on real sequences. Finally, Section 5 concludes our paper with discussions.
Matrix Spectral Analysis
Suppose there is an echocardiographic sequence composed of n images. Let D ∈ R m×n represent a matrix whose columns are vectorized images, i.e. D = [vec(I 1 )| · · · |vec(I n )], where m equals to the number of pixels in each image and n is the number of images.
If no motion exists in the sequence, all images are identical and rank(D) = 1 by ignoring the noise in images. Since cardiac motion exists, the images are changing within a cardiac cycle, which gives rank(D) > 1. However, due to the correlation among frames, the energy distribution in the matrix spectrum 1 of D will concentrate on a limited number of principle components. Define the cumulative distribution function (cdf ) of the spectral energy of D as follows:
1 Matrix spectrum means the set of eigenvalues of the matrix.
Algorithm 1
Locating the valve region 1 . Input: an image sequence {I 1 , · · · , I n }, a set of spatial windows {W l }, constant K. 2. for each l do 3. compute the singular values
where r = min(m, n) and σ 1 , · · · , σ r are singular values of D in descending order. As shown in Figure 1(b) , the cdf of the echocardiography sequence has exceeded 95% when k > 2. Interestingly, when analyzing different regions locally we find that the corresponding cdf s are different. To demonstrate this, we choose two regions as shown in Figure 1 (a): the valve region including the mitral leaflet; a reference region covering part of myocardium and part of the blood pool. Then, we compute the cdf of each sub-matrix formed by the sub-image sequence of each region. Figure 1(b) shows that the cdf curve of the valve region lies much lower than that of the reference region, which means that the spectral distribution of the valve region is more spread-out. This is attributed to the fact that the mitral leaflet moves much faster with larger tissue deformation compared with myocardium that moves smoothly across a cardiac cycle. Thus, more principle components are needed to describe the image variation caused by motion of the mitral leaflet.
In practice, it is easy to show that 2 :
where B is any rank-K matrix. This means that, given a fixed K, the residue of fitting the valve region with a rank-K matrix will be much larger compared to the residue of fitting other regions. This provides a good feature to detect the mitral leaflet. To illustrate the feasibility of using this feature for mitral leaflet detection, we developed a simple algorithm for valve region positioning as described in Algorithm 1, with experimental results on real sequences given in Figure 1(c) . In short, a rectangular window is used to define a region, and the sub-image sequence of this region is converted into a matrix with columns being the vectorized subimages. Then, the residue of rank-K fitting
is computed for the matrix. Next, the window is moved to 2 Three norms of a matrix X are used in this paper.
ij is the Frobenius norm. X * means the nuclear norm, i.e. sum of singular values. cover another region and the residue is computed again, and so on and so forth. Finally, the window that gives a matrix with the largest residue of rank-K fitting is output and displayed. Here, we choose K = 5 for all examples. As shown in Figure 1(c) , all of the output windows roughly cover the mitral leaflet in all examples, which demonstrates the effectiveness of using the proposed feature for mitral leaflet detection.
Mitral Leaflet Tracking
While Algorithm 1 can roughly locate the valve region, a more sophisticated algorithm is needed to track the leaflet more accurately. In this section, we propose an algorithm to track the mitral leaflet based on leaflet detection over the entire sequence.
Formulation
From the discussion in Section 2, we can see that the echocardiographic sequence can be well approximated by a low-rank matrix except for the mitral leaflet. Moreover, the mitral leaflet occupies a relatively small and connected region in the images. Thus, we formulate the problem of mitral leaflet segmentation as contiguous outlier detection in the low-rank representation.
Let ij denote the i-th pixel in the j-th frame of the sequence 3 and S ∈ {0, 1} m×n denote the outlier support, i.e. S ij = 1 if ij is the mitral leaflet pixel and S ij = 0 otherwise. Thus, the task is to give an optimal estimate to S which labels the outliers of the low-rank model B. Since both B and S are unknown, it is required to estimate them simultaneously to acquire an accurate low-rank model and labeling of outliers.
Let P S (X) represent the orthogonal projection of a matrix X onto the linear space of matrices supported by S:
and P S ⊥ (X) be its complementary projection, i.e. P S (X)+ P S ⊥ (X) = X. Then, we propose to minimize the following energy to estimate B and S:
where K is a predefined constant. The first term penalizes the fitting residue for the non-valvular region, while the second term regularizes the sparsity of the mitral leaflet pixels. Since the leaflet pixels should be contiguous both spatially and temporally, we introduce a smoothness regularizer on S. Consider a graph G = (V, E), where V is the set of vertices denoting all m × n pixels in the sequence and E is the set of edges connecting spatially and temporally neighboring pixels. Based on the first order Markov Random Fields (MRFs), we adopt the following energy to impose continuity on S:
where A is the weighted node-edge incidence matrix of G, and the weight ω ij,kl is defined as follows:
, if ij and kl are spatial neighbors, ω t , if ij and kl are temporal neighbors.
Here, D G is the Gaussian smoothed image sequence, µ is the standard deviation of D G ij − D G kl for spatial neighbors, and ω t is the weight for temporal links. We simply fixed ω t to be 0.1 in the implementation. Introducing the spatiallyvarying ω ij,kl makes use of the edge information to improve segmentation.
To make the energy minimization tractable, we relax the rank operator on B with the nuclear norm, which has proven to be an effective convex surrogate of the rank operator [16] . Adding the smoothness regularizer and writing (4) in its dual form, we obtain the final form of the energy function:
Here, α, β and γ are all positive parameters, which will be discussed in detail in Section 3.3.
Optimization
The objective function defined in (6) is non-convex and it includes both continuous and discrete variables. Joint optimization over B and S is extremely difficult. Hence, we adopt an alternating algorithm that separates the energy minimization over B and S into two steps. B-step is a convex optimization problem and S-step is a combinatorial optimization problem. It turns out that the optimal solutions of B-step and S-step can be computed efficiently.
Given an estimate of the support matrixŜ, the minimization in (6) over B turns out to be the matrix completion problem [11] :
The original problem is to learn a low-rank matrix from partial observations. The optimal B in (7) can be computed efficiently by the SOFT-IMPUTE algorithm [11] , which iteratively updates the estimateB using:
where Θ α is the singular value thresholding operator:
Here U ΣV ′ is the SVD of X, d 1 , · · · , d r are singular values of X, and t + = max(t, 0). Please refer to [11] for more detailed explanations of SOFT-IMPUTE.
Next, we minimize the energy in (6) over S given the low-rank matrixB. Noticing that S ij ∈ {0, 1}, the energy can be rewritten as follows:
where
2 is a constant whenB is fixed. Above energy is in the standard form of the firstorder MRFs with binary labels, which can be solved exactly in polynomial time using graph cuts [3, 10] .
Parameter tuning
The parameter α in (6) controls rank(B), i.e. K in (4). The low-rank model with an appropriate K should include the myocardium, but exclude the mitral leaflet. According to Figure 1(b) , we choose K = 5 for all experiments. In implementation, we start from a large α. After each run of SOFT-IMPUTE, if rank(B) ≤ K, we reduce α by a factor η 1 = 0.9 and repeat SOFT-IMPUTE again until rank(B) > K. Using warm start, this sequential optimization is efficient [11] . In practice, we find that the result is relatively insensitive to K when K is reasonably large (K ≥ 3). This is attributed to the shrinkage effect of the nuclear norm regularization [11] .
The parameter β in (6) controls the sparsity of S. From (10) we can see thatŜ ij is more likely to be 1 if
Thus the choice of β should depend on the noise level in images and a proper value can be estimated online. Typically we set β = 4.5σ 2 , whereσ 2 is the variance of D ij −B ij . Since the estimation ofB andσ is biased at the beginning iterations, we propose to start our algorithm with a relatively large β, and then reduce β by a factor η 2 = 0.5 after each iteration until β reaches 4.5σ
2 . In other words, we tolerate more error in model fitting at the beginning, since the model itself is not accurate enough. With the model estimation getting better and better, we decrease the threshold and declare more and more outliers.
The parameter γ in (6) controls the strength of mutual dependency between neighboring pixels. A larger γ gives more penalty to isolated outliers in order to smoothŜ. In all our experiments, we simply choose γ = β. until convergence 7. if rank(B) ≤ K then 8. α ← η1α; 9. go to Step 4; 10. end if 11. estimateσ; 12. β ← max (η2β, 4.5σ 2 ); 13.Ŝ ← arg min
14. until convergence 15 . Output:B,Ŝ Thus, we used the same parameter setting for all experiments. All steps of the algorithm with adaptive parameter tuning are summarized in Algorithm 2. Since we are always minimizing a single function in each step and the parameters (α, β, γ) keep decreasing in adaptive tuning, the energy in (6) decreases monotonically. Furthermore, we can manually set lower bounds for both α and β to stop the iteration. Thus, the convergence of the algorithm is guaranteed. Empirically, Algorithm 2 will terminate in about 10 iterations for a convergence precision of 10 −4 .
Results
To the best of our knowledge, there is no automatic algorithm that can detect the mitral leaflet in previous literatures except for [9] , while the method in [9] requires large manually annotated datasets for training feature detectors, which is unavailable to public. Thus, in this paper we mainly focus on the verification of the new algorithm.
We evaluated the mitral leaflet tracking method using standard transthoracic echocardiographic (TTE) data 4 . All sequences were acquired during a cardiac cycle, using a Philips iE33 Ultrasound System with a S5-1 probe for 2D imaging and an X3-1 probe for 3D imaging.
We cropped the acquired sequences to remove irrelevant parts and focus on the left chambers. The cropped sequences were fed into Algorithm 2 without other preprocessing. To improve the accuracy of detection, a simple postprocessing was applied to the estimated outlier support of Algorithm 2. We used morphological operations to extract the largest connected component in the mask for each frame, and removed the false detections caused by other tissues with fast motion such as the papillary muscles. Firstly, we present the results on four 2D sequences. The sequences were acquired from the apex view. Each sequence has about 30 frames recording a cardiac cycle, with an image size of 599 × 481 pixels. The first frames are displayed in Figure 1(c) . The images were cropped to 225 × 300 pixels as input to Algorithm 2. To display the results, we selected three frames during valve opening for each sequence. The segmentation resultsŜ and low-rank componentsB are shown in Figure 2 . The mitral leaflet was detected accurately as outliers and excluded from the lowrank component. Moreover, the low-rank model captured the global motion of myocardium. Interestingly, the ultrasound speckles were also depressed in the low-rank components, while the edges of the endocardium border were almost preserved. This also shows the potential of applying the low-rank representation on ultrasound despeckling [21] .
Next, we give a quantitative analysis for the segmentation results in Figure 2 . The ground truth was provided by manual tracing. Three metrics were used: precision, recall and the mean absolute distance (MAD) between contours, which are defined as follows:
Here,Ĉ means the algorithm-generated contour and C * denotes the manual-delineated contour. Ω C means the region enclosed by contour C and |Ω| is the number of pixels inside region Ω. C(s) is a parameterization of contour C with constant velocity
is the minimum distance from point p to contour C. The results are summarized in Table 1 . The MAD has the same order of magnitude with the resolution of the imaging system (∼ 0.5 mm) and the precision is high. However, the recall is relatively low compared with the resulted precision, which shows that there is a systematic bias of under-segmentation. There are two possible reasons: (1) The leaflet tissue near the mitral annulus moves similarly with the myocardium. Thus, the method may fail to detect this part. (2) The shrinkage effect of the smoothness constraint (or named small cut behavior) causes under-segmentation. This bias can be corrected by using other information like shape priors.
Finally, we demonstrate the applicability of our algorithm to RT3D echocardiography. Due to the lack of highquality TEE data, here we only give some qualitative results on an ECG-gated TTE sequence. The sequence was composed of 17 volumes with 208 × 224 × 208 voxels per volume. Irrelevant parts were removed and 80 × 80 × 80 voxels were left for each volume. Since the MRF of the entire sequence (80 × 80 × 80 × 17 nodes existed) can't be solved by graph cuts due to the memory limit, the temporal links in the MRF were removed here. Then, graph cuts 
Discussion
In this paper, we proposed a new feature for mitral leaflet detection and a novel algorithm for leaflet tracking. The algorithm is completely automatic without manual initialization and annotated training data. According to our knowledge, this is the first unsupervised algorithm for mitral leaflet tracking.
Our formulation is similar to the sparse and low-rank decomposition or Principle Component Pursuit (PCP) [5] , which becomes popular recently. There are several key differences between our algorithm and PCP:
• PCP uses a convex relaxation by replacing the penalty on the cardinality of outliers with the ℓ 1 -norm. This relaxation requires outliers to be randomly distributed [5] . In our formulation, we directly optimize the nonconvex penalty (notice that S 1 in (6) equals to the cardinality of outliers) to make use of the robustness of the nonconvex penalty in outlier detection [20] .
• PCP does not use the contiguous property of outliers. In our formulation, the MRF is integrated to model the contiguity prior to further improve the outlier detection accuracy.
• PCP makes the sparse and low-rank decomposition while ignoring the noise part. In our method, the noise is also considered, which is more general in practice.
In future, we plan to conduct a more comprehensive evaluation of the algorithm on more RT3D data, including high-quality TEE sequences. Also, we would like to integrate more features such as the geometry of the mitral valve into our framework.
X-Z (two-chamber)
Y-Z (four-chamber) X-Y (short-axis) 3-D Figure 3 . Segmentation results on a RT3D echocardiographic sequence. Only the result on a sample frame is displayed. From left to right are three orthogonal 2D slices across the mitral leaflet and a 3D model of the mitral leaflet generated by surface rendering.
